INTRODUCTION {#s1}
============

Colorectal cancer (CRC) is a common and often lethal malignancy with a significant impact on public health in the United States and worldwide. Because of early detection and effective treatment of local disease, CRC can sometimes be cured. However, epidemiological studies have demonstrated a higher risk of new disease in survivors with CRC compared with age-matched general populations ([@R1]--[@R3]). To manage that risk, the US Multisociety Task Force recommends surveillance colonoscopy at regular intervals after resection ([@R4]). Whether interval tumors represent missed synchronous, incompletely resected primary or true metachronous cancers is often uncertain, but many likely represent second primary tumors ([@R2],[@R5]). At a molecular level, the field effect model can help explain new cancers in survivors with CRC.

The field effect hypothesis posits that cancer susceptibility results from a range of exposures that include carcinogenic agents and local host--tumor interactions. Somatic mutations or epigenetic alterations in physically proximate progenitor cells engender patches of molecularly aberrant epithelium from which multifocal cancers subsequently emerge ([@R6]--[@R8]). Evidence for field effect has been found in histologically normal-appearing colonic mucosa adjacent to tumors in surgical specimens ([@R9]--[@R13]). However, studies of field effect in CRC have been limited by sample size, tissue suitability, and assay availability.

Transcriptome profiling is a useful measurement for investigation of tissue biology because it provides a comprehensive assessment of molecular consequences downstream of genetic and epigenetic differences across phenotypes. RNA sequencing (RNA-seq) is the preferred assay for transcriptome profiling and is now affordable at population scale. *In vivo* adult colorectal epithelial cells and their niche in the settings of health and primary cancer are the biological units of interest for evaluation of the field effect. Bulk RNA-seq of tissue from biopsies or surgical specimens with an epithelial component collected from subjects with and without cancer should, therefore, provide the most accurate representation of field effects. However, inclusion of healthy mucosal samples from subjects without disease is rare in studies of CRC, and tumor-adjacent samples are also relatively limited.

Multiple groups have recently harmonized colorectal RNA-seq data sets from The Cancer Genome Atlas (TCGA) ([@R14]) and the Genotype-Tissue Expression Project (GTEx) ([@R15]), allowing large-scale comparisons among healthy mucosa, histologically normal tumor-adjacent mucosa, and tumor tissue ([@R13],[@R16]). However, tumor-adjacent samples account for only 10% of TCGA samples, and half of GTEx samples have no mucosal component ([@R17]). Two recent meta-analyses of CRC transcriptomes demonstrated that applying consistent methods across heterogeneous data sets can permit investigators to leverage increased sample sizes to discover robust and biologically meaningful signals in measurements with substantial underlying variability ([@R18],[@R19]).

In this study, previously successful methods were extended to harmonize all publicly available data sets of colorectal bulk RNA-seq and unpublished RNA-seq of healthy colon tissue collected during screening colonoscopy in a pooled analysis of the transcriptomic field effect in CRC. The molecular features that distinguish normal tissue adjacent to tumors from healthy tissues despite similar histologic appearances were shown. Some of the molecular differences characteristic of tumor-adjacent tissue were oncogenic, providing a possible molecular basis for the increased incidence of metachronous tumors in survivors with CRC and potential targets for posttreatment surveillance. To the authors\' knowledge, this is the largest RNA-seq-based study of the field effect in CRC to date. The pooled data set will be provided as an R ([@R20]) package on Bioconductor ([@R21]).

METHODS {#s2}
=======

Samples {#s2-1}
-------

Bulk RNA-seq samples from the University of Barcelona and the University of Virginia (BarcUVa-Seq) were derived from healthy mucosal biopsies obtained during screening colonoscopies from subjects without known predisposition to colorectal neoplasm at the Catalan Institute for Oncology. All samples sequenced as of January 21, 2019, were screened for inclusion. Samples from public data sets were identified by systematic searches of the Genomic Data Commons ([@R22]) and Sequence Read Archive ([@R23]), the 2 largest public genomics repositories (Figure [1](#F1){ref-type="fig"}). All bulk RNA-seq data sets of human colorectal tissue available as of January 21, 2019, were screened for inclusion. Detailed protocols for RNA extraction and sequencing for the BarcUVa-Seq study and full search parameters for systematic review of public data sets are provided in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>).

![Workflow diagram. Pathway outline of mega-analysis. Cohorts A and B were independent and composed of paired-end libraries. Cohort C was independent of cohorts A and B and composed of single-end libraries. The Study Design subsection of the Methods section includes a description of the 3 independent cohorts. BarcUVA-Seq, University of Barcelona and University of Virginia RNA sequencing project; BART, binding analysis for regulation of transcription; GDC, Genomic Data Commons; HLT, healthy; NAT, normal-adjacent-to-tumor; SRA, Sequence Read Archive; SVA, Surrogate Variable Analysis; TCGA, The Cancer Genome Atlas; TUM, tumor.](ct9-11-e00210-g001){#F1}

A total of 5,233 samples from 167 data sets were screened (see Table ST1A, Supplementary Digital Content 2, <http://links.lww.com/CTG/A316>). Most samples were derived from cell lines and were, therefore, ineligible for inclusion. A total of 1,424 samples from 14 data sets (see Tables ST1B and ST1C, Supplementary Digital Content 2, <http://links.lww.com/CTG/A316>) were eligible for pooled analysis after screening based on criteria described in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>).

Study design {#s2-2}
------------

After implementation of a common bioinformatics pipeline as described in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>), samples with at least 10 million quantified reads ([@R24]) were selected (Figures [1](#F1){ref-type="fig"} and [2](#F2){ref-type="fig"}a). For duplicated samples, the one with highest total quasi-mapped reads was selected. A total of 1,199 samples across 14 data sets were retained. Paired-end samples accounted for 924 samples across 8 data sets (Table [1](#T1){ref-type="table"}, A), and single-end samples accounted for 275 samples and 6 additional data sets (Table [1](#T1){ref-type="table"}, D). Dimension reduction analysis demonstrated that batch effects due to library format could not be adequately modeled with latent factor analysis, so single-end samples were analyzed separately (see Supplementary Methods, Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>). A primary analysis cohort, cohort A, a methodological validation cohort, cohort B, and a biological validation cohort, cohort C, were created from the retained samples (Table [1](#T1){ref-type="table"} and Figure [1](#F1){ref-type="fig"}). Details regarding allocation of samples to cohorts is provided in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>).

![Exploration of data sets. (**a**) Box plots representing library quality across data sets, where TCGA-COAD and TCGA-READ samples are grouped together. Each ring is a single sample. Library preparation with poly-A tail selection resulted in higher quasi-mapping rates. (**b**) Scatterplots of tSNE1 and tSNE2 of VST-transformed counts before and after batch adjustment with coloring by data set and phenotype to highlight likely drivers of observed clustering in cohort A. Each point is a sample. (**c**) Scatterplot of LFC for all shared genes across the study by Aran et al. and this study in the TUM vs NAT and NAT vs HLT sample comparisons; Pearson correlations shown in top left. (**d**) Hierarchical clustering dendrogram and heatmap of pairwise Euclidean distance between all samples in cohort A. Distances calculated on batch-adjusted counts. HLT, healthy; LFC, log2 fold change; NAT, normal-adjacent-to-tumor; TCGA, The Cancer Genome Atlas; tSNE, tdistributed stochastic neighbor embedding; TUM, tumor; VST, variance stabilizing transformation.](ct9-11-e00210-g002){#F2}

###### 

Samples and demographics for study cohorts
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Expression analysis {#s2-3}
-------------------

Differential gene expression (DGE) analysis across phenotypes was performed using *DESeq2* ([@R25]) with phenotype (e.g., healthy, tumor-adjacent, and tumor) and 5 surrogate variables as estimated by *SVA* ([@R26]) to model gene expression in cohorts A and C. No other covariates were included. The model for cohort B included a blocking factor in addition to phenotype to specify within-subject comparisons across samples of different phenotype; no surrogate variables were used. Gene set enrichment analysis was performed using *fgsea* ([@R27]) and the Molecular Signatures Database hallmark gene sets ([@R28]). Prediction of key drivers of DGE was performed using binding analysis for regulation of transcription (BART) ([@R29]). Significance thresholds were set using Benjamini--Hochberg false discovery rate adjustments with false discovery rate of 5%. Details regarding the choice of tools and support for the choice of 5 surrogate variables are presented in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315> and Figures SF1 and SF2, Supplementary Digital Content 3, <http://links.lww.com/CTG/A317>).

RESULTS {#s3}
=======

Tumor-adjacent tissue represents an intermediate phenotype {#s3-1}
----------------------------------------------------------

To explore the relationship between global gene expression and phenotype in cohort A, unsupervised learning with t-distributed stochastic neighbor embedding was performed. Scatterplots of the t-distributed stochastic neighbor embedding vectors were generated, and clustering by phenotype was observed (Figure [2](#F2){ref-type="fig"}b). Normal-adjacent-to-tumor (NAT) samples tended to cluster apart from healthy (HLT) and tumor (TUM) samples, as demonstrated previously by Aran et al. ([@R13]). However, contrary to the analysis by Aran et al., which included GTEx sigmoid samples without epithelium in the healthy group, a single dominant cluster of HLT samples was found in the pooled data set of this study. To compare the 2 studies quantitatively, scatterplots of log2 fold change per gene shared across the study by Aran et al. and this study were generated. In the TUM vs NAT comparisons, which used many of the same TCGA samples, the 2 analyses were very similar (Pearson correlation *r* = 0.93, *P* \< 2.20E-16) (Figure [2](#F2){ref-type="fig"}c). In the NAT vs HLT comparisons, for which this study replaced the GTEx sigmoid cohort in the study by Aran et al. with BarcUVa-Seq samples, the analyses were less consistent (Pearson correlation *r* = 0.48, *P* \< 2.20E-16) (Figure [2](#F2){ref-type="fig"}c). The lower correlation coefficient of the NAT vs HLT comparisons underscores the importance of the BarcUVa-Seq cohort. Despite the modest difference in HLT samples, both the analysis of the study by Aran and this study provided evidence for a field effect in the colon that leaves NAT tissue in a molecularly intermediate state between healthy and malignant. Consistent with histologic appearance, NAT samples tended to have a closer relationship to HLT samples than to TUM samples by sample-to-sample distance, but clustering demonstrated the resemblance of NAT samples to both HLT and TUM samples (Figure [2](#F2){ref-type="fig"}d). To investigate the intermediate state of NAT samples, DGE analysis was performed across phenotypes in cohort A.

A total of 1,701 genes were differentially expressed between HLT and NAT samples, 2,929 between NAT and TUM samples, and 5,974 between HLT and TUM samples (Figure [3](#F3){ref-type="fig"}a; see Tables ST2--ST4, Supplementary Digital Content 2, <http://links.lww.com/CTG/A316>). These results reinforced the relative molecular position of NAT samples between the extremes of healthy and pathologically dysregulated expression. Cohort A was further interrogated with gene set enrichment analysis using hallmark gene sets (Figure [3](#F3){ref-type="fig"}b; see Table ST5, Supplementary Digital Content 2, <http://links.lww.com/CTG/A316>). The MYC- and E2F-target gene sets had the 2 highest normalized enrichment scores (NESs) in both the TUM vs NAT and TUM vs HLT comparisons (*P*-adj = 2.20E-03 for both sets in TUM vs NAT; *P*-adj = 5.66E-04 for both sets in TUM vs HLT). This result indicated that genes regulated by MYC and E2F tended to be more highly expressed in TUM samples. Surprisingly, MYC targets were also overrepresented in the NAT vs HLT comparison (second highest NES, *P*-adj = 1.89E-03), indicating higher expression in NAT samples as well.

![Transcriptome-wide comparison across phenotypes. (**a**) Scatterplots (i.e., MA plots) depicting LFC vs gene expression across phenotypes in cohort A; red demonstrates DGE at FDR 5%. Number of differentially expressed genes shown in top right and bottom right. (**b**) Bar plots of GSEA results for overrepresentation of hallmark gene sets in DGE results across phenotypes in cohort A; red demonstrates enrichment at FDR 5%. Only hallmark sets with absolute NES \>1.3 are shown. Genes were preranked by test statistics from their respective comparisons. (**c**) Scatterplot of LFC for all shared genes across cohorts A and B in the TUM vs NAT sample comparisons; Pearson correlation shown in top left. (**d**) MA plot depicting LFC vs gene expression for the TUM vs NAT sample comparison in cohort B; red demonstrates DGE at FDR 5%. (**e**) Venn diagram demonstrating intersection of DGE lists from the TUM vs NAT sample comparisons in cohorts A and B. DGE, differential gene expression; FDR, false discovery rate; GSEA, gene set enrichment analysis; LFC, log2 fold change; NAT, normal-adjacent-to-tumor; NES, normalized enrichment score; TUM, tumor.](ct9-11-e00210-g005){#F3}

To validate the modeling of batch effects in cohort A, repeated-measures tests were performed on the matched pairs in cohort B. Overall concordance of log2 fold change and test statistics was high between the 2 cohorts (Pearson *r* = 0.88, *P* \< 2.20E-16 and *r* = 0.84, *P* \< 2.20E-16, respectively) (Figure [3](#F3){ref-type="fig"}c), and consistency of DGE results (Figure [3](#F3){ref-type="fig"}d,e) supported the model of batch effects used for cohort A.

A molecular description of the field effect in CRC {#s3-2}
--------------------------------------------------

Next, 4 patterns of gene expression in NAT samples relative to the other phenotypes were identified to better characterize DGE in NAT samples. Hierarchical clustering of all samples based on expression levels of genes in each pattern was performed to test the robustness of pattern classification. Pattern definitions and clustering strategies are described in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>). Gene sets corresponding to HLT-NAT-TUM gradient (61 genes), TUM associated (1,082 genes), NAT specific (172 genes), and HLT-associated expression (2,001 genes) were defined with over- and underexpression combined within each category (Figure [4](#F4){ref-type="fig"}a). Clustering results confirmed the utility of pattern-based categories (Figure [4](#F4){ref-type="fig"}b).

![Patterns in gene-level variation. (**a**) Box plots of batch-adjusted counts for arbitrarily selected genes representative of each of 8 DGE subpatterns aggregated into the following 4 expression patterns: gradient, TUM associated, NAT specific, and HLT associated. (**b**) Hierarchical clustering dendrograms and heatmaps of gene expression for all samples from cohort A. Clustering based on expression levels of all or top 500 genes from each pattern set, whichever is smaller. Heatmap gene expression levels based on batch-adjusted counts. Genes in each pattern set ordered by adjusted *P* value from NAT vs HLT sample comparisons. (**c**) Bar plot of GSEA results for overrepresentation of hallmark gene sets among gradient and TUM-associated genes using test statistics from NAT vs HLT sample comparisons for ranking; red demonstrates enrichment at FDR 5%. Only hallmark sets with absolute NES \>1.5 are shown. (**d**) Box plots of batch-adjusted counts for *EGR1* and *GREM1*, 2 potential drivers of tumorigenesis among field effect genes from cohort A validated in cohort C. DGE, differential gene expression; FDR, false discovery rate; GSEA, gene set enrichment analysis; HLT, healthy; NAT, normal-adjacent-to-tumor; NES, normalized enrichment score; TUM, tumor.](ct9-11-e00210-g006){#F4}

To identify biological processes that could be modulators of malignant potential in NAT tissue, gradient and TUM-associated genes were pooled and evaluated for hallmark gene set enrichment and for predicted transcription factor regulation. Late-phase estrogen response (NES = 2.94, *P*-adj = 1.63E-02), increased KRAS signaling (NES = 2.30, *P*-adj = 1.83E-02), epithelial to mesenchymal transition (NES = 2.26, *P*-adj = 1.83E-02), and TNF-α signaling (NES = 2.08, *P*-adj = 2.92E-02) were the gene sets with highest enrichment (Figure [4](#F4){ref-type="fig"}c; see Table ST6, Supplementary Digital Content 2, <http://links.lww.com/CTG/A316>). Tripartite motif-containing 28 (TRIM28) and SRY-box 2 (SOX2) were the transcription factors with the highest probability of regulatory effect (Irwin-Hall *P* = 3.29E-05 and *P* = 5.74E-05, respectively) (see Table ST7, Supplementary Digital Content 2, <http://links.lww.com/CTG/A316>). Interestingly, *TRIM28* and *SOX2* were overexpressed in TUM samples (*P*-adj = 1.47E-28 and *P*-adj = 1.55E-17, respectively) but not in NAT samples relative to HLT samples.

Given established modulatory relationships between the gene sets of highest enrichment and CRC ([@R30]--[@R33]) and between the predicted transcription factors and CRC ([@R34],[@R35]), a representative set of core field effect genes with coherent expression and related biological processes was sought. Genes contributing most to the enrichment scores of the 4 gene sets with highest NES were selected for independent validation as field effect genes. Of the 33 unique genes from the leading edges of the 4 sets, 20 were found to have the same direction of relative expression between NAT and HLT samples in cohort C, as observed in cohort A (Table [2](#T2){ref-type="table"}, A). The relative expression of 9 of the 20 reached statistical significance at a transcriptome-wide level in cohort C despite the small number of HLT samples in that cohort. An additional 11 of the 33 had detectable but statistically indeterminate expression in cohort C, as indicated by a test statistic of zero. Only 2 of the 33 varied in the opposite direction in the validation cohort, and neither was statistically significant.

###### 

Genes of interest identified in cohort A and validated in cohort C

![](ct9-11-e00210-g007)

To ascertain whether age discrepancies across phenotypes biased the effect of phenotype on expression levels of the 20 validated field effect genes, the correlation between age and expression for each of the 20 genes was investigated as detailed in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>). The effect of age did not seem to bias the effect of phenotype (see Figures SF3 and SF4, Supplementary Digital Content 3, <http://links.lww.com/CTG/A317>).

Among validated genes, several were recognized as possible drivers of CRC, including amphiregulin (*AREG*), early growth response 1 and 2 (*EGR1* and *EGR2*, respectively), gremlin-1 (*GREM1*), and SRY-box 9 (*SOX9*). Confirmation of these potentially oncogenic expression patterns in NAT samples was sought in another population-scale transcriptome profiling study. Because of the inclusive nature of this mega-analysis, there were no additional RNA-seq data sets available for comparison. However, of the 20 validated field effect genes, 11 had been previously found to be differentially expressed across NAT and HLT samples in the same direction in a microarray data set (Table [2](#T2){ref-type="table"}, A, "affyU219_confirm") ([@R12]). The microarray study provided a second level of independent biological validation and a technical validation with a different experimental assay.

A quantitative assessment of the association between field effect and distance from tumor was not possible in this study because of limited information regarding distance from tumor for NAT samples, but a qualitative evaluation was attempted and was inconclusive (see Supplementary Methods, Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>).

Novel tumor-specific expression {#s3-3}
-------------------------------

Based on the observation that important biological pathways were dysregulated in NAT samples in TUM-like patterns, the possibility that some TUM-specific molecular features could be masked by field effect was tested as described in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315>). The difference between DGE using NAT and HLT samples as controls in comparisons against TUM samples suggested that the field effect could mask important TUM-specific metabolic features (Figure [5](#F5){ref-type="fig"}a,b). Furthermore, a set of underannotated genes not previously known to be dysregulated in a TUM-specific pattern was revealed after adjustment for field effect. This set included *C9orf16*, which was previously shown to be prognostic in CRC (Figure [5](#F5){ref-type="fig"}c,d). The previously reported prognostic value of *C9orf16* was redemonstrated after adjusting for age and tumor stage (*P* = 2.78E-3) as described in the Supplementary Methods (see Supplementary Digital Content 1, <http://links.lww.com/CTG/A315> and Figures SF7 and SF8, Supplementary Digital Content 3, <http://links.lww.com/CTG/A317>), which the previous report did not show.

![Healthy controls. (**a**) Scatterplot of transcriptome-wide LFC between TUM and control samples, where control samples are HLT (x axis) or NAT samples (y axis). Colors indicate genes potentially masked (green), misleadingly highlighted (bluish-green), or unaffected (red) by field effect. (**b**) GSEA results for the 3,856 genes differentially expressed specifically between TUM and HLT and not between TUM and NAT samples; darker colors demonstrate enrichment at FDR 5% in both HLT specific and TUM vs NAT DGE results. Purple and red show discordant and concordant results, respectively. Only hallmark sets with absolute NES \>1.5 are shown. (**c**) Box plots of batch-adjusted counts for *C9orf16*, 1 of 23 novel TUM-specific genes discovered in this mega-analysis. (**d**) Overall survival curves for *C9orf16* high- and low-expression groups from previously published TCGA data downloaded from the Human Protein Atlas. FDR, false discovery rate; GSEA, gene set enrichment analysis; HLT, healthy; LFC, log2 fold change; NAT, normal-adjacent-to-tumor; NES, normalized enrichment score; TCGA, The Cancer Genome Atlas; TUM, tumor.](ct9-11-e00210-g008){#F5}

DISCUSSION {#s4}
==========

There is mounting evidence that histologically normal mucosa adjacent to tumors is molecularly distinct from healthy mucosa in the absence of cancer ([@R6]--[@R13]). The transcriptomic features of that distinction are important for posttreatment surveillance and could also be useful for screening, initial diagnosis, and therapy. In this study, a comprehensive description of transcriptional features in normal-appearing healthy, normal-appearing tumor-adjacent, and tumor colorectal tissue was obtained in a joint analysis of pooled RNA-seq data sets combining a novel cohort with all human colorectal samples available in the Genomic Data Commons and Sequence Read Archive. Tumor-adjacent tissue was found to be more similar to healthy tissue than to cancer tissue in global transcriptional variation. However, tumor-adjacent tissue was found to harbor some transcriptional features of cancer that might be important modulators of malignancy. Furthermore, normal colon mucosa from healthy controls was used to identify novel TUM-specific gene expression.

This study is the largest to date to investigate transcriptome-wide effects of CRC on adjacent, histologically normal mucosa using RNA-seq. The results are the first to demonstrate the consistent overexpression of 20 TUM-associated genes in histologically normal tissue sampled adjacent to tumors. Remarkably, genes contributing to established oncogenic pathways, such as epidermal growth factor receptor (EGFR) signaling (e.g., *AREG*), early growth response (e.g., *EGR1* and *EGR2*), and stem cell maintenance and differentiation (e.g., *GREM1* and *SOX9*), were among the genes dysregulated in normal-appearing tissue. *AREG* encodes a ligand of EGFR, which activates signaling pathways that modulate cellular proliferation and apoptosis. EGFR is the target of monoclonal antibodies in the treatment of metastatic CRC, and *AREG* expression might be a useful biomarker for therapy response in select populations ([@R36]). *EGR1* and *EGR2* are transcription factors involved in regulation of differentiation and apoptosis. *EGR1* was shown to promote tumor cell growth in experimental models, and higher expression levels in tumor were associated with decreased disease-free survival in a CRC cohort ([@R37]). *GREM1* encodes a BMP antagonist ectopically and highly expressed in hereditary mixed polyposis syndrome ([@R38]). In healthy tissue, *GREM1* is expressed in subepithelial myofibroblasts, and secretion of its protein contributes to maintenance of the stem cell niche at the crypt base by permitting Wnt signaling. Overexpression of *GREM1* in histologically normal tissue would be expected to potentiate malignant transformation. *SOX9* is also involved in Wnt signaling and epithelial homeostasis and has been shown to affect goblet cell lineage and colonic morphology in mice ([@R39]). Dynamic monitoring of expression levels of these genes in unresected tissue could add prognostic information postoperatively.

This study is also the first to identify novel genes associated with CRC that can be consistently masked by the field effect, including 23 genes that, to the authors\' knowledge, have not previously been shown to vary in TUM samples compared with control samples. Intriguingly, expression levels of 2 such genes, *C9orf16* and *C7orf50*, were previously associated with overall survival in CRC and pancreatic cancer, respectively ([@R40]). Neither the function nor the oncogenic role of either gene is known, making them attractive targets for further characterization. Thus, this study not only provided provocative insights into the molecular features of histologically normal tissue adjacent to tumors but also revealed novel genes dysregulated in CRC for future investigation.

These results are important, because they provide a set of candidate genes that might be useful for determination of distal margins for low-lying rectal cancers and for posttreatment surveillance and they indicate a molecular basis for metachronous lesions in ostensibly normal tissue. Furthermore, they demonstrate that the use of matched tumor--normal pairs in the study of CRC, which is common and has yielded biological insights ([@R41]), is, nevertheless, influenced by field effect bias.

Limitations of this study included a potential for batch effects to drive spurious results and insufficient information for quantitative assessment of the spatiotemporal extent of the field effect in CRC. The influence of batch effect was reduced in multiple ways, including implementation of a common bioinformatics pipeline for gene quantification, establishment of appropriate eligibility and inclusion criteria, latent factor estimation with *SVA*, inclusion of surrogate variables as covariates in primary regression models for cohorts A and C ([@R42]), use of curated hallmark gene sets to interpret results, and validation of methods and results in independent cohorts. Determination of the spatiotemporal dimensions of field effect in CRC requires new data and is an important goal of the authors\' future work.
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